This paper presents a set of algorithms used for music recommendations and personalization in a general purpose social network www.ok.ru, the second largest social network in the CIS visited by more then 40 millions users per day. In addition to classical recommendation features like "recommend a sequence" and "find similar items" the paper describes novel algorithms for construction of context aware recommendations, personalization of the service, handling of the coldstart problem, and more. All algorithms described in the paper are working on-line and are able to detect and address changes in the user's behavior and needs in the real time.
INTRODUCTION
The success of nearly all Internet projects nowadays highly depends on how much value can they provide for the user requiring as less efforts as possible. Recommender systems are one of the approaches used to increase "value for effort" rate. By analyzing user activity in the past a good recommender selects items which are most relevant to the current user's needs increasing user satisfaction, loyalty and the revenue of the project. Due to the high demand for the recommender systems in the industry, there is a very large field of research works in this area.
The most commonly used recommenders are collaborative [2, 6] -they analyze users behavior in the past and mine correlations between items and users. However, there is also a growing interest in the content based [7] and social [8] recommendation algorithms, in order to address limitation of the collaborative algorithms caused by the data sparsity and the "cold-start problem". It is now clear that none of these approaches is perfect and the best would be to combine benefits from all three worlds. This paper proposes a composite approach for the recommender systems based on a taste graph which combines all data mined from the history of users' activity, content metadata and social network. Vertices of the graph represent different entities: users, tracks, artists, etc. Edges of the graph represent relations between entities: a user likes a track, an artist is similar with another artist and so on. All edges are weighted according to the certainty of the relation and all weights are normalized in order to produce a stochastic system.
The algorithms described in the paper are applied for the music service of "OK" (www.ok.ru) -a general purpose social network, which is the second largest social network in the CIS used mainly for fun and communication with rich media services. Daily audience of the network is more than 40 millions users mainly from the Russian Federation, Eastern Europe and Middle Asia.
TASTE GRAPH AND ALGORITHMS
The taste graph for musical recommendations consists of the following parts: users' preferences, artists' similarity, tracks' similarity and artists' tracks.
Users' preferences, in turn, are composed from different parts. All the history of user playbacks is recorded into a data warehouse and aggregated at a daily basis. Furthermore, there is a running window of the 1000 last played tracks with the time stamps in a real-time storage which is also considered. In addition to the playbacks history there is a real-time storage of the users' custom play lists to consider.
The artists' similarity is created by an analysis of playbacks history. Analysis is done in multiple steps: first of all from a set of all artist's tracks representative tracks are selected, then playbacks for these tracks are aggregated in order to get user-artist matrix. Using a simple correlation measure artist-artist matrix is constructed and then more precise correlation measure is applied iteratively to artistartist matrix to refine it. Finally, outliers filtration algorithms are applied to the matrix and the top similars are selected.
For the tracks' similarity matrix for each pair of tracks A and B an amount of playbacks from the same user in the scope of limited time window is counted. Than the baselines are applied in order to address tracks popularity and results are normalized. In the end outliers filtration is applied and the top similars are selected.
The artists' works are selected from the music catalog meta data which keeps mapping from track to its main artist and overall rating of the tracks in the system is used as a weighting function. Track ratings are analyzed in dynamics in order to put tracks with higher interest recently above others.
Basic algorithms.
With the taste graph recommendations can be constructed using random walk with restart [5] . The main idea is to traverse graph randomly starting from the user's node with the probability α to restart at each step. Given initial vector of the user's preferences random walk recommender finds a fixed point of x = α · x + (1 − α) · next(x) also known as the steady-state probability distribution. Items with higher steady-state probability are most likely to be relevant. This approach can be used to solve another recommender's task extend list. In this case the content of the list is chosen as the initial state of the walk and personalization technique described below can be used to improve results considering user's preferences.
Taste graph can be used to estimate the relevance of a set of items I (search result, top tracks, etc.) for user u. This could be done by traversing the graph from user preferences vector in a limited number of steps counting all the visits of the vertices from target vector. The vertices with higher number of more probable visits are considered as more relevant for the user.
Randomizing recommended sequence.
Each time user opens the radio he would like to get a new sequence which is relevant, coherent, diverse and novel. In order to achieve that we implemented random pick with rejection. Items are picked randomly from the weighted list and each selected item is challenged by a probabilistic rejection algorithm, which depends on multiple factors.
The most important rejection factors are based on the previous presence. Presence of item itself can be covered by a simple "yes or no" factor prohibiting repeated inclusion of the item. Presence of other works from the item's artist can be considered in two dimensions: the overall presence and the distance from the previous entry. The overall presence is modeled as an exponentially descending factor and the distance to previous entry factor is modeled as inversed exponential descend.
While previous presence rejection factors increase diversity and novelty of the recommended sequence, coupling with nearest predecessors factors increase coherence of the sequence. The main idea here is to estimate the weight of the paths between item v and its nearest predecessors in the sequence using the taste graph which could be done by using the personalization technique.
Context awareness.
In order to provide value for the user, recommended music must address current context the user is in now (working, having a dinner or playing with his kids). The problem of context awareness is explored in [1] and two techniques were adopted to generate contextual recommendations: contextual pre-filtering of user's preferences and contextual postfiltering of the generated recommendations.
The filtering is done by analyzing all paths of length N starting from the context set and ending in the vertices of filtered set. Three measures are collected: count of the paths, sum of weights on the all paths and the weight of the best path. Vertices reached high enough limit for at least one of the measures are selected as the input for recommendations generation (when doing pre-filtering) or randomization algorithm (when doing post-filtering).
The selection of the context set is done by the user himself, but he is provided with a bundle of automatically generated sets based on user preference clustering. After experimenting with multiple clustering algorithms, we ended up using affinity propagation [3] with common neighborhood subgraph density [4] as a similarity measure.
Addressing cold-start problem.
When a new user joins the system demographical information is used to support him at the beginning. All users are split into segments depending on their age, sex and region. Behavior of the users in the scope of a demography group is analyzed in order to create a demography profile. When a user has no own preferences, best matching demography profile is used instead. Even if user already has some preferences, but not that much, then his own preferences are mixed with demography profile.
When new item is added to the system it becomes the most interesting candidate for being recommended. However, due to the lack of statistics it has only a few links with other items and low overall rating, thus it is unlikely to be recommended. In order to identify relevant new items recently added content is analyzed and activity around them is compared to the time they spent in the system. In order to boost these items in recommendation the weight of the corresponding artist-track link is set to a very high level comparing to other links from this artist.
ANALYZING IMPACT
One of the most common approaches to evaluation is the offline analysis based on the historical data [9] . It is simple and cheap, but has an inherent drawback -recommender proposing items user probably knows always get higher score then the recommender proposing relevant items user not likely knows and can't find them himself. An alternative to offline analysis chosen in this work is an online experiment either on a selected subgroup of the users, or on all of them. Personalization of the main page (the list of 100 songs user sees after entering the music area) was the first significant feature based on the recommender launched at 2012-11-16. Figure 1 shows user activity trends during the 6 months passed after the launch. Three main indicators are collected:
1. Amount of playbacks from the main page comparing to playbacks from "My music".
2. Amount of "likes" from the main page comparing to playbacks from "My music".
3. Amount of playback from the main page comparing to the amount of clicks at the main page.
"My music" is the list of the user's favorite tracks, it is the most popular list in the system and is used as the measure of overall level of activity. In this perspective the first indicator shows the relevance of the content, the second indicator shows the novelty and the third shows the users' confidence. Following periods are highlighted:
1. Main page contains top tracks based on the all users activity in the system for last 30 days.
2. Personalization enabled selecting top 100 tracks for a user among 1000 top tracks in the system.
3. Size of the underlying list increased to 1500.
4. Enabled suppression of the known items (w0 set to negative value).
5.
Changed the underlying list preparation algorithm. According to the first two charts at the figure 1 personalized main page performs two-three times better then the non-personalized variant. During initial experiments (stages 2-5) each time settings of the personalization were adjusted the user activity at the main page increased (users seen new content there), but a downward trend emerged after few days (users got used to what they see). Stage 6 showed that the strong filtering of known content increases novelty (amount of likes increased), but relevance and the users' interest decreased (playbacks dropped). Replacement of the strong filtering with a lighter suppression (known content still might appear, but with a decreased weight) and introduction of the Gaussian noise at the stage 7 changed trend for likes to upward and for playbacks to sideways. Increasing the underlying list size and using demographical data we achieved upwards trends in both areas.
The third chart at the figure 1 shows the evolution of the users' confidence in the content of the main page. For lists users are confident in they tend to turn playback on with a click and listen, but for the lists with low confidence they tend to control playbacks thoroughly. With the personalization enabled the users' confidence increased slowly and without downward trend. Attempts to increase novelty (at stages 6 and 7) increased the amount of clicks, but it is more an indication of the increased curiosity then of the decreased confidence. The confidence chart also shows that at weekends users tend to produce more clicks.
CONCLUSIONS
Recommender systems and personalization are a crucial tool for nearly all kind of web sites. For www.ok.ru introduction of personalization for the content of the main page in the music area has increased user activity there threefold. This shows that the common recommender's use case "recommend a sequence" is not the only interesting case. Thus, modern industrial recommender must be flexible enough to address different tasks and to employ the information of the different kinds. Orchestrating multiple recommenders can address this challenge, but at the cost of increased computation complexity.
Taste graph described in this paper has many of the desired properties: it can include data of different kind in a single model and support different kind of algorithms with reasonable computational complexity and immediate reaction to the changes in the user behavior. The results achieved at www.ok.ru are very promising in terms of both increased user activity and the recommender's non-functional properties (computational efficiency, scalability and flexibility).
